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Abstract
Resolving word ambiguity in clinical text is critical for many natural language processing applications. Effective
word sense disambiguation (WSD) systems rely on training a machine learning based classifier with abundant
clinical text that is accurately annotated, the creation of which can be costly and time-consuming. We describe a
double-loop interactive machine learning process, named ReQ-ReC (ReQuery-ReClassify), and demonstrate its
effectiveness on multiple evaluation corpora. Using ReQ-ReC, a human expert first uses her domain knowledge to
include sense-specific contextual words into the ReQuery loops and searches for instances relevant to the senses.
Then, in the ReClassify loops, the expert only annotates the most ambiguous instances found by the current WSD
model. Even with machine-generated queries only, the framework is comparable with or faster than current active
learning methods in building WSD models. The process can be further accelerated when human experts use their
domain knowledge to guide the search process.
Introduction
Clinical documents contain many ambiguous terms, the meanings of which can only be determined in the context.
For example, the word “malaria” appearing in a clinician note may refer to the disease or the vaccine for the disease;
the abbreviation “AB” may mean “abortion,” “blood group in ABO system,” “influenza type A, type B,” or “arterial
blood,” depending on the context. Assigning the appropriate meaning (a.k.a., sense) to an ambiguous word, based on
hints provided in the surrounding text, is referred to as the task of word sense disambiguation (WSD).1,2 WSD is a
critical step towards building effective clinical natural language processing (NLP) applications, such as named entity
extraction3,4 and computer-assisted coding.5,6
Among different approaches to inferring word senses in clinical text, supervised machine learning has shown very
promising performance.7,8 Supervised machine learning methods typically build a classifier for each ambiguous
word, which is trained on instances of these words in real context with their senses annotated, usually by human
experts with required domain knowledge. To train an accurate WSD model, a large number of such annotated
instances are needed, 9 the curation of which can be costly as every instance has to be manually reviewed by domain
experts. Many methods have been explored in the past to reduce this annotation cost.10-14 Among them, active
learning, by inviting human experts to directly participate in the machine learning process, has proven to be an
effective approach. The premise of active learning is its ability to reduce the number of judgment calls that human
experts need to make while achieving the same results as having a fully annotated corpus, thus significantly
reducing the amount of human labeling needed.14 As such, how to select the most informative instances to present to
human experts to annotate is the key to success for the family of active learning based methods.
Existing active learning methods use different strategies to select the most informative instances for annotation.15
For example, some select the instance with the least confident prediction or the instance with competing label
assignments. However, these strategies suffer from the “cold-start” problem: a number of precisely annotated
examples for every sense are usually required to kick off the classifier. Further, a classical active learning procedure
does not fully utilize the domain knowledge of human experts. For example, practicing physicians frequently write
or read ambiguous words in their notes without any difficulties in conveying or understanding their meaning. They
are able to do so largely because of the surrounding context of the ambiguous words; e.g., when AB is used as
shorthand for “blood group in ABO system,” physicians know that it commonly appears as “blood type AB,” “AB
positive,” or “AB negative.” These contextual words are strong indicators of the sense of an ambiguous word,
which is invaluable to a WSD model but remains largely untapped by existing active learning methods.

In this paper, we demonstrate a method that capitalizes on human experts’ domain knowledge to improve the
performance of interactive machine learning. We apply a framework that we recently developed, referred to as ReQReC (ReQuery-ReClassify), to the problem of word sense disambiguation in clinical text. Originally designed for
high-recall microblog and literature search,16,17 ReQ-ReC features a double-loop interactive search and classification
procedure that effectively leverages the domain knowledge of human experts. In an outer loop (ReQuery) of the
procedure, an expert searches and labels the instances of an ambiguous word along with sense-specific contextual
words. Then, a ReQ-ReC system helps the expert compose additional search queries by suggesting other potentially
useful contextual words. In an inner loop (ReClassify), the framework requests the expert to annotate the most
informative instances selected from those retrieved by all previous queries and then use the results to update the
classifier accordingly. An expert can flexibly switch between these two “teaching strategies:” (1) to generate initial
examples of a particular sense by launching a keyword search, and (2) to provide fine-grained clarification by
labeling the instances selected by the system. Empirical experiments on three different clinical corpora show that
this framework is more effective in building accurate WSD models than current active learning methods, even if the
expert solely relies on system suggested keywords.
Method
A. The ReQ-ReC Framework
A.I. Sample scenario
To illustrate how ReQ-ReC works, let us consider the following scenario. Suppose we have a set of clinical text
snippets (e.g. sentences) all containing the word “AB,” which means either “blood group in ABO system” or
“influenza type A, type B.” Our task is to assign the actual sense to each instance. Based on the domain knowledge,
a human expert would know that if “AB” co-occurs with the phrase “blood type,” then it likely means “blood group
in ABO system;” if it co-occurs with the word “influenza,” then it likely means “influenza type A, type B.”
Naturally, the expert would use keywords “blood type AB” to retrieve a set of instances from the text corpus and
label them as “blood group in ABO system;” she or he would then search for “influenza AB” and label the retrieved
instances accordingly (Figure 1a). These context-sense pairs are used as an initial corpus to warm-start the first
round of WSD model learning. The learned model will then be applied to predicting unlabeled instances and ask the
expert to further clarify a few boundary cases, e.g. “Labs include influenza AB swab and blood typing.” (Figure 1b).
Determining the senses of these boundary cases would allow the model to capture the nuances in language use and
quickly improve model accuracy. Later on, the expert may switch between searching for instances and labeling
instances. After a few iterations, the expert may start to realize that in phrases such as “AB positive,” “AB” also
means “blood group in ABO system.” Through a new search, she or he can quickly label another batch of instances
of “AB positive,” which further improves the WSD model (Figure 1c).
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Figure 1. An illustrative example of the searching and labeling process of the ambiguous abbreviation “AB.”
From this sample scenario several observations can be made. First, keyword search is a natural interface for domain
experts to retrieve cases of ambiguous usage of words and to provide high-yielding, targeted annotation. This
process can significantly reduce annotation cost, as human experts are only asked to label instances that are most
informative to train the WSD model, while avoiding the need of labeling all instances in a corpus, most of which
contribute little to improving the model performance. Additionally, search also benefits the learning algorithm: it
provides a warm start in generating an initial model, and subsequent searches further refine the model by covering

other potential senses of an ambiguous word or additional contextual words. Second, while classifying individual
instances retrieved by keyword search is necessary for training the model, it is only able to produce a simplistic
model, similar to rules. The ReQ-ReC framework therefore asks domain experts to also clarify boundary cases,
which informs the model on how to weigh the nuances of language use in clinical text for better sense
disambiguation. After being re-trained on these cases, the model becomes more robust and more accurate. In
addition, answering these clarification questions might also inspire the human expert to come up with new search
queries covering other potential senses of an ambiguous word or additional contextual words that might have not
been thought about. Therefore, the two stages – keyword search and active classification – can be used iteratively to
inform each other.
A.II. Anatomy of the ReQ-ReC framework
Generalizing from the above example, the double-loop procedure of the ReQ-ReC is illustrated in Figure 2. The
procedure operates on an inverted index of the documents so that all keywords, including the ambiguous words and
the contextual words, are searchable. The procedure maintains a set of search queries, a pool of retrieved instances,
and a WSD model. To start, a human expert first uses her domain knowledge to compose a search query for each
known sense, and then the system retrieves an initial set of contexts using the search function. The inner-loop kicks
in there, in which the system iteratively presents a small number of instances selected from the current pool of
retrieved instances to the expert and asks her/him to assign senses. The WSD model is consequently updated based
on the accumulated annotations by the expert, which is then used to reclassify the pool of instances. After a few
iterations of the inner-loop, the WSD model’s predictions stabilize on the currently unlabeled instances. At this
point, the outer-loop of the system will kick in to recommend new search queries for each sense (the requery
process), aiming to retrieve more diverse instances with additional contextual words. These new search queries will
be presented to the human expert for review and for further modification. Then, the system will retrieve a new set of
instances using the new queries and add them to the existing pool of retrieved instances. After this requery process,
the system will start a new inner-loop and continue to update the WSD model. The learning process ends when the
expert is satisfied with the predictions made by the WSD model on those unlabeled instances in the newly retrieved
pool.
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Figure 2. The ReQ-ReC framework.
The framework consists of the following key computational components.
1) Search. The framework uses a standard, Google-like search interface to retrieve instances containing ambiguous
words. It can either leverage an existing clinical text search engine or build a just-in-time index over an unlabeled
corpus while search is being performed. The search engine’s ranking function can use any retrieval models that take
the input of a keyword query and outputs a certain number of instances from the index (using a vector space model,

Context<sense%pairs!

a boolean retrieval model, or a language modeling approach). After each search, the retrieved instances will be
added to a pool, which becomes the basis of the next step, instance selection.
2) Instance selection. In every iteration of the inner-loop, the framework selects a small number (e.g. 5) of unlabeled
instances from the current pool of retrieved instances and asks the expert to assign senses. At the beginning of the
double-loop procedure, the framework can simply return the top instances ranked by the search engine’s retrieval
model. With more and more instances being labeled by the human expert, the system will leverage this knowledge
to update the WSD classifier and use active learning strategies to select the next instances for labeling.
3) WSD classification. Given an accumulated set of labeled instances, the WSD classification component learns or
updates a multiclass classifier (such as a random forest or a support vector machine) and reclassifies the pool of
retrieved instances.
4) Query expansion. When the classifier appears to be achieving a stable prediction on the pool of retrieved
instances, the system proceeds to expand the pool in order to cover more contexts in which a sense may appear. This
is done through constructing a new query for each sense and retrieving a new set of instances from the target corpus.
Query expansion can be done using different methods, such as the Rocchio’s method or semantic term matching.18-20
The human expert may either approve this query, edit it, or compose one by her own.
ReQ-ReC is a general framework and each of the key components above can be instantiated in many different ways.
In the following subsection, we describe specific implementations of each component.
A.III. Instantiating the ReQ-ReC framework
1) Search. In our current research implementation of the ReQ-ReC framework, we use the Lucene Package to build
a search index for each ambiguous word. 21 Instances are tokenized with Lucene’s StandardAnalyzer. To preserve
the original form of ambiguous words (“nursing,” “exercises”) and negations (“no,” “without”), we do not perform
stemming or stopword removal. We use the Dirichlet prior retrieval function with the parameter 𝜇 set to 2000, a
typical setup in information retrieval literature.22
2) WSD classifier. We use logistic regression with linear kernel for WSD classification, implemented by the
LIBLINEAR package.23 If an ambiguous word has two senses, we build a binary classifier; otherwise we build a
one-versus-rest multiclass classifier. Logistic regression classifiers output well-calibrated probability predictions
𝑝(𝑦|𝑥; 𝜃) for each sense 𝑦 and each instance 𝑥, which will be used by active learning algorithms (𝜃 is the
classification model parameter). We use presence/absence of the all unigrams appeared in the instance as features.
For the L2-regularization hyperparameter 𝐶, we set it to 1.0 across all ambiguous words. This setting is comparable
to previous reported studies.14
3) Instance selection. In the inner-loop, there are multiple possible methods for selecting the next instance for
labeling:
a)

Random Sampling. The algorithm simply selects an instance from the unlabeled pool uniformly at random.

b) Least Confidence. The algorithm selects the instance 𝑥 with the least predicted probability 𝑝(𝑦 ∗ |𝑥; 𝜃), where
𝑦 ∗ = argmax! 𝑝(𝑦|𝑥; 𝜃) is the most probable sense. Intuitively, the model has little confidence in predicting
the sense of instance 𝑥 as  𝑦 ∗ , therefore it is most uncertain about the sense of 𝑥. In this case, expert advice
would be needed.
c)

Margin. The algorithm selects the instance 𝑥 with the least predicted 𝑝(𝑦! |𝑥; 𝜃) − 𝑝(𝑦! |𝑥; 𝜃), where 𝑦! and
𝑦! are the most and second most probable senses. Intuitively, the model may not be able to determine if 𝑦! or
𝑦! is the appropriate sense, therefore it needs further clarification from the human expert.

d) Entropy. The algorithm selects the instance 𝑥 with the highest prediction entropy. High entropy means that
the current WSD model considers any sense assignment as almost equally probable. Expert advice is thus
needed to resolve the confusion.
In our implementation, we use the margin based active learning strategy to select instances. Note that all four
methods can be launched without the search component, which in effect reduces the ReQ-ReC into a classical active
learning system. In the evaluation experiments reported in this paper, these methods will be used as baselines for
comparison.

4) Query expansion. In the outer-loop, a new query can either be automatically generated by the system and
reviewed and improved by human experts, or be composed manually. In this study, we consider the following two
extreme strategies: (a) the system automatically generates a new query based on the current status of the WSD
model with no human input; and (b) the human expert composes new queries solely based on her or his domain
knowledge. These two strategies represent the “worst” scenario and a “desirable” scenario of ReQ-ReC. We use the
Rocchio’s method to automatically generate the next query 𝑞! for every sense 𝑦.18 The basic premise of Rocchio’s
method is to learn a new query vector that is related to sense y and far away from other senses.
In fact, we hope that the new query 𝑞! will not be too close to the known contexts in which sense 𝑦 may appear.
This would allow the framework to suggest to human experts other contexts of the sense that might not have been
thought of. To achieve this goal, we use the “diverse” method developed for high-recall retrieval,17 which generates
a new query that balances its relevance to the sense and the amount of diverse information it introduces to the
current pool of instances. In the rest of the paper, this strategy is referred to as “machine-generated” queries or the
“worst case” of ReQ-ReC.
We also simulate the scenario where human experts use domain knowledge to include contextual words into search
queries. To do this, we rank all the contextual words, words appearing in at least one instance of the ambiguous
word, by the information gain, i.e. the reduction of uncertainty on the sense of the ambiguous word after seeing a
contextual word.24 Top-ranked contextual words are considered as informative and used as search queries to warmstart the initial model learning. In our experiment, the simulated expert guides the first 6 queries using the top 30
contextual words.† As a simulation of domain knowledge, information gain is computed based on the entire set of
labeled instances. Note that information gain is only a crude measure for selecting informative contextual words;
human experts can do better with their domain knowledge. This simulation would result in an underestimate of the
true performance of ReQ-ReC. We denote this scenario as ReQ-ReC with “simulated expert” queries.
B. Evaluation Methodology
B.I. Evaluation corpora
In this study, we used three biomedical corpora to evaluate the performance of the ReQ-ReC framework.
The MSH corpus contains MEDLINE abstracts automatically annotated using MeSH indexing terms.8 Originally, it
has 203 ambiguous words, including 106 abbreviations, 88 words, and 9 terms that are a combination of
abbreviations and words. Following previous work,14 we only included ambiguous words that have more than 100
instances so we have sufficient data for training and evaluation. This results in 198 ambiguous words.
The UMN corpus contains 75 ambiguous abbreviations in clinical notes collected by the Fairview Health Services
affiliated with the University of Minnesota.25 500 instances for each abbreviation were randomly sampled from a
total of 604,944 clinical notes. Each instance is a paragraph in which the abbreviation appeared. In this study, we
excluded unsure and misused senses in training and evaluation.
The VUH corpus contains 25 ambiguous abbreviations that appeared in admission notes at the Vanderbilt University
Hospital.26 Similar to the MSH corpus, we only retained 24 abbreviations that have more than 100 instances. Each
instance is a sentence in which the abbreviation appeared.
The statistics of the three corpora are summarized in Table 1. We can see that the MSH corpus has the richest
context in an instance and the least skewed distribution of senses for an ambiguous word. Because our main goal in
this study was to compare the effectiveness of different learning algorithms, we did not further tune the context
window size for each corpus.
Table 1. Summary statistics of three evaluation corpora.
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MSH

198

190

2.1

202.84

54.0%

UMN

75

500

5.4

60.59

73.8%

VUH

24

194

4.3

18.73

78.3%

The first two queries use the top 10 words; the next two queries use the next top 10 words, and so forth.

B.II. Metrics
In this study, we used learning curves to evaluate the cost-benefit performance of different learning algorithms. A
learning curve plots the learning performance against the effort required in training the learning algorithm. In our
case, learning performance is measured by classification accuracy on a test corpus and effort is measured by the
number of instances labeled by human experts. For each ambiguous word, we divided its data into an unlabeled set
and a test set. When a learning algorithm is executed over the unlabeled set, a label is revealed only if the learning
algorithm asks for it. As more labels are accumulated, the WSD model is continuously updated and its accuracy
continuously evaluated on the test set, producing a learning curve. To reduce variation of the curve due to
differences between the unlabeled set and the test set, we ran a 10-fold cross validation: 9 folds of the data are used
as the unlabeled set and 1 fold used as the test set. The learning curve of the algorithm on the particular ambiguous
word is produced by averaging the 10 curves. The aggregated learning curve of the algorithm is obtained by
averaging the curves on all ambiguous words in an evaluation corpus.
To cope with the cold start problem of active learning algorithms, we randomly sampled one instance from each
sense as the initial training set. To facilitate comparison, we used the same initial training set for random sampling
and ReQ-ReC. The batch size of instance labeling was set to 1 for all learning algorithms, so that we could monitor
the performance improvement by every increment in the training sample.
To summarize the performance of different learning algorithms using a composite score, we also generated a global
ALC (Area under Learning Curve) for each algorithm on each evaluation corpus. This measurement was adopted in
the 2010 active learning challenge.27 The global ALC score was normalized by the area under the best achievable
learning curve (constant 1.0 accuracy over all points).
Results
We evaluated six interactive WSD algorithms (one trained on randomly sampled instances, three trained using
active learning methods, and two using the worst case and the simulated expert case of ReQ-ReQ) on three
biomedical text corpora (MSH, UMN, and VUH).
Table 2 shows the global ALC scores for each learning algorithm on different evaluation corpora. ReQ-ReC with
simulated expert queries consistently outperforms all other methods on all three corpora. On the MSH and VUH
corpora, even the worst case of ReQ-ReC achieves higher ALC scores than all existing active-learning algorithms.
On the UMN corpus, the worst case of ReQ-ReC is slightly outperformed by the margin active learning algorithm.
Compared to other active learning methods, the worst case of ReQ-ReC has the highest ALC scores for 164 out of
297 words across three corpora (55.22%) (129/198 in MSH, 20/75 in UMN, and 15/24 in VUH). With simulated
expert queries, ReQ-ReC has the highest ALC scores for 206 out of 297 words across the three corpora (69.36%)
(156/198 in MSH, 35/75 in UMN, and 15/24 in VUH) .
Table 2. Average ALC scores for six learning algorithms.
Random
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Entropy

ReQ-ReC
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ReQ-ReC
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MSH

0.862

0.899

0.900

0.899

0.904

0.913

UMN

0.854

0.885

0.893

0.878

0.889

0.894

VUH

0.863

0.871

0.872

0.870

0.878
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Figure 3, 4, and 5 shows the aggregated learning curves of all algorithms on three evaluation corpora, respectively.
Results on the MSH corpus present the clearest patterns: the two ReQ-ReC methods learn faster than other
algorithms, especially in the beginning stage (first 30 labels). The learning curves of three active learning algorithms
are almost identical and much higher than that of random sampling, as previously reported.14 To achieve 90%
accuracy, the best active learning algorithm requires 26 labels on average, while ReQ-ReC with simulated expert
queries requires only 17 labels, saving 35% labeling effort.

Patterns on the other two corpora are less significant, due to highly skewed sense distributions. In general, ReQ-ReC
with simulated expert queries still achieves the best learning curve than other methods, but with a smaller margin,
followed by an active learning algorithm on the UMN corpus and by the worst case of ReQ-ReC on the VUH
corpus. Surprisingly, on the VUH corpus, random sampling learns faster than active learning methods at the very
beginning. The benefit of active learning kicks in after 20 labels.
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Figure 3. Aggregated learning curves of 198 ambiguous words in the MSH corpus.
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Figure 4. Aggregated learning curves of 75 ambiguous words in the UMN corpus.
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Figure 5. Aggregated learning curves of 24 ambiguous words in the VUH corpus.
Discussion
The goal of inviting human experts into the machine learning process is to achieve large performance gains with
relatively small labeling effort.15 An active learning process tries to select the next instance such that it brings in as
large amount of fresh information as possible for the model to learn from, therefore giving rise to large gains. When
asking for the next label, an active learner prefers to ask those instances that represent an unexplored subpopulation
and/or instances whose labels the current model is still uncertain about. In contrast, a passive learner randomly picks
the next instance from the unlabeled set, regardless of whether it overlaps with a previously labeled one, or whether
the model can accurately guess its label, neither of which make the best use of the labeling effort.
WSD model learning benefits considerably from expert queries as a warm start. When the first few queries are
informative contextual words, they construct a pool of representative instances. The initial WSD model learned on
this representative pool inherits the domain knowledge from the search queries. Human experts can do even better
than the simulated expert in composing these queries. Even when the queries are machine-generated, the query
expansion procedure also picks up potentially informative contextual words. On the other hand, active learning
methods select instances from the entire corpus rather than a representative pool. In the initial learning stage, models
are usually poor and their predictions are unreliable.28 Thus the “uncertain” instances selected by such predictions
may not benefit the learning as much as the representative ones. As the model becomes more robust in the later
learning stage, the clarification questions raised by active learning will make more sense and labeling these instances
can better improve the model.
Different characteristics of text documents affect learning process.29 In biomedical papers that are formally written
(the MSH corpus), an ambiguous abbreviation often appears with its full form for clarification purposes, e.g. “highrisk (HR)” and “heart rate (HR).” The co-occurrence of the abbreviation with its full form greatly makes it easier for
both the annotation process and the WSD model. In contrast, an ambiguous abbreviation in clinical notes (the UMN
and VUH corpora) is almost never expanded to its full form as abbreviations are typically used to save the time of
input. A clinical abbreviation can have many senses that are used in many different contexts. As a result, the
annotation process for clinical abbreviations requires extensive search and labeling. Compared to active learning, the
ReQ-ReC framework can better assist human experts in building clinical WSD models.
When an ambiguous word has many senses, the sense distribution is often highly skewed: one or two major senses
cover more than 90% use cases, while many other senses are rarely used. As we can see in Table 1, word senses of
the two clinical corpora are highly skewed (for more than 4 senses, a majority guess has above 70% accuracy).

Skewed sense distribution presents challenge to machine learning.30 Without abundant labeled instances, it is
difficult to learn a WSD model that accurately identifies a rare sense. The classification model will bias towards
predicting the major senses and hurt the recall of the rare sense, which becomes an issue for high-stake events such
as a rare disease. A straightforward way to cope with the rare sense learning problem is to harvest and label more
data for the rare class, for which the first step is to search using contextual words. ReQ-ReC, originally designed for
high-recall information retrieval, can be useful in searching for more rare senses.
This study has several limitations. First, in this study we assume the senses of an ambiguous word are known
upfront and one instance is already available for each sense, which is a standard setup in the active learning
literature. In reality human expert may have knowledge of some but not all of the senses; it is more natural to
discover senses on the fly. Second, instead of using the simple bag-of-unigram features, we can use more elaborate
features for WSD, e.g. part-of-speech tags, medical concepts (extracted by MetaMap), and word embedding. This
could further improve the WSD performance. Third, the framework is only evaluated through simulated experiments
and is not evaluated with real users.
Conclusion
In this paper, we describe a novel interactive machine learning framework that leverages interactive search and
classification to rapidly build models for word sense disambiguation in clinical text. With this framework, human
experts first use keyword search to retrieve relevant contexts in which an ambiguous word may appear to enable
targeted, high-yielding annotation. This interactive active learning process, capitalizing on human experts’ domain
knowledge, could therefore significantly reduce the annotation cost by avoiding the need to have a fully annotated
corpus. Experiments using multiple biomedical text corpora show that the framework delivers comparable or even
better performance than current active learning methods, even if human wisdom is not used to aid in the search
process (i.e., all search queries are automatically generated by the algorithm). In future work, we will conduct more
evaluation studies to assess the performance of the framework using real-world scenarios and real human experts.
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